Background: Bio-electrical impedance analysis (BIA) is widely used to estimate body composition. It is simple, quick and cheap, but less accurate than other methods. It has potential epidemiological value, but has conventionally required validation before application. Aims: To develop a simple method of expressing weight, height and impedance data that avoids the need for populationspecific validation equations in order to facilitate epidemiological application. Methods: Body composition was measured using the four-component model in young adults (43 males, 90 females). Impedance (R) was measured hand-foot and foot-foot. Lean mass and fat mass were adjusted for height to give lean mass index (LMI) and fat mass index (FMI). Based on theoretical principles, we generated the index 1/R, which provides an index of body water adjusted for height. Sex-specific regression models were used to investigate the relationships between (a) 1/R and LMI, and (b) body mass index (BMI) adjusted for 1/R and FMI. The success of this approach was evaluated in relation to the conventional BIA approach, using correlation analysis. Results: 1/R was a highly significant predictor of LMI. BMI adjusted for 1/R was a significant predictor of FMI. Our approach performed as well as the conventional approach for LMI, but not for FMI. Discussion: Direct use of BIA data, rather than their combination with population-specific equations for the prediction of total body water, proved successful at ranking individuals of both sexes in terms of LMI and FMI. The index 1/R may prove particularly valuable in epidemiological studies where ranking of LMI is required.
Introduction
Although the importance of measuring body composition in epidemiological research is increasingly appreciated, it is rarely possible to make measurements on large samples with sophisticated techniques. Methods such as dual energy X-ray absorptiometry or deuterium dilution are occasionally used; however, most epidemiological surveys are limited to anthropometry or predictive techniques such as bioelectrical impedance analysis (BIA).
BIA has many properties suiting epidemiological studies, being quick, non-intrusive, easy to use, cheap and feasible in large numbers in most age groups. Its main drawback is that it predicts total body water (TBW), rather than measuring it directly. The relationship between bio-electrical data and TBW is known to vary significantly between populations. [1] [2] [3] [4] [5] Ideally, therefore, this relationship must first be established using validation studies where both impedance and TBW are measured in a sample representative of the population's range of body composition. Not all users adopt this approach, owing to constraints of time and cost, so TBW is often predicted using published equations derived from other populations.
The generic BIA model assumes TBW to be proportional to the square of height (HT) divided by impedance (R). This model can be applied whether R is measured between wrist and ankle, or between the feet as newer instrumentation allows. Alternatively, it is possible to predict TBW or other body composition parameters from a greater number of variables, using equations incorporating weight, age and sex 6 or other bio-electrical variables. 7 Such approaches may reduce the s.e. with which TBW or other body composition traits can be predicted. However, the most common use of BIA data is the prediction of TBW from HT 2 /R, for which appropriate equations are required. Numerous different equations have been proposed even for healthy populations, for example, children. 8 In many epidemiological studies, it is necessary only to determine ranking of body composition traits rather than absolute values. Examples include demonstrating associations between dietary intake or physical activity and ranking of body fat, or clinical trials where demonstration of difference in outcome is sufficient. Likewise, clinical practice does not always require sophisticated measurements. For example, waist circumference acts as a good proxy for total abdominal fat, 9, 10 and can be used satisfactorily as an indication of clinical risk. 11, 12 Both lean mass (LM) and fat mass (FM) are positively correlated with height, hence to be most informative, comparisons between individuals require its confounding effect to be removed. In this paper, we use the term relative LM (or FM) to describe these body components after adjustment for height. Below, we develop a BIA approach for assessing relative LM and FM, such that in certain circumstances the need to validate the technique for epidemiological application in a given population can be avoided.
Methods
Subjects and measurements A sample of 133 young adults, born preterm, participated in a follow-up study of a randomized controlled trial of diet fed during the first month of postnatal life. Body composition was measured by BIA and a reference four-component (4C) model as described below. Subjects attended our measurement suite, in a non-fasted state. The study was approved by the Ethics Committee of Great Ormond Street Hospital and the Institute of Child Health, with all subjects providing written informed consent.
Anthropometry
Body weight (BW) was measured as an integral stage of the Bodpod procedure (see below) to within 0.01 kg, with the subject wearing a swimming costume. Height was measured to within 0.1 cm with a wall-mounted digital display stadiometer (Holtain, Dyfed, UK). Body mass index (BMI) was calculated as weight (kg) divided by the square of height (m).
BIA Impedance (R) was measured hand-foot and foot-foot using a TANITA 418 segmental analyser (Tanita Corporation, Japan). The subject wore light indoor clothing, including shorts/trousers to ensure the legs were not in skin contact at any point. Raw impedance data were recorded from the automatic printout. Impedance measured for the total body (hand-foot) was termed R tot , whereas that for foot-foot measurements was termed R leg .
Dual-energy X-ray absorptiometry
Bone mineral content (BMC) was determined using a Lunar Prodigy scanner (GE Medical Systems, Madison, WI, USA) with Encore 2002 software. The instrument automatically alters scan depth depending on thickness of the subject, as estimated from age, height and weight. Scans were performed with the subject wearing light indoor clothing and with no detachable metal objects present. The radiation exposure per whole-body scan is estimated to be 2 mSv, lower than daily background level. All scans were performed by one operator.
Body volume
Body volume (BV) was measured using Bodpod Instrumentation (Life Measurement Instruments, CA, USA) as described previously. 13 The subject wore a close-fitting swimming costume and hat. The raw volume values that appear transiently on the screen were recorded and an adjustment for thoracic gas volume and surface area artefact was made to obtain actual BV as described previously. 13 Lung volume was predicted from height. 13 In order to improve precision, the procedure was repeated until two values for raw density of within 0.007 kg/l were obtained.
14 Deuterium dilution TBW was assessed by 2 H-labelled water dilution, using a dose equivalent to 0.05 g 2 H 2 O per kg BW. Saliva samples were taken pre-dose and either 4 (for normal body fatness) or 5 h (for obese subjects) post-dose. Salivettes (Sarstedt, Germany) were used to collect saliva 430 min after the last ingestion of food or drink. Samples were analysed by Iso-Analytical Ltd (Sandbach, UK) using an equilibration method. 15 Briefly, 0.3 ml of liquid, along with a vial of 5% platinum on alumina powder (Sigma-Aldrich, Poole, UK), was placed in a septumsealed container (Labco, High Wycombe, UK) and flushed for 2 min with hydrogen. Low enrichment and high enrichment standard waters were similarly prepared, in order to normalize data against Standard Mean Ocean Water-Standard Light Arctic Precipitation (SMOW-SLAP) standards. Samples were equilibrated at room temperature for 3 days before analysis. The headspaces in the containers were then analysed for deuterium enrichment on a continuous flow isotope ratio mass spectrometer (Geo20-20, Europa Scientific, Crewe, UK). The mean standard deviation of deuterium analyses by the equilibration technique in the laboratory is o2.5%. 2H dilution space was assumed to overestimate TBW by a factor of 1.044 16 and correction was made for fluid intake during the equilibrium period to derive actual body water. Treatment of BIA data BIA data are usually expressed in the form HT 2 /R and then used to predict TBW. 17 This approach assumes that the body represents a single cylinder of conductive (water-containing) tissue. Impedance of that cylinder to an electrical current is proportional to cylinder length and volume, hence adjustment of R for HT (acting as a proxy for cylinder length) allows estimation of cylinder volume. This is carried out by expressing the data as HT 2 /R, and determining empirically the relationship between HT 2 /R and TBW. Once predicted, TBW then requires adjustment for the hydration of lean tissue (H LT ) to calculate LM, which is subtracted from WT to calculate FM. The adjustment for H LT assumes a constant level of hydration between individuals. In patients, hydration can vary markedly, but in healthy subjects of a given age and sex, the range of variability is relatively low. 8, 18 In the present study, the participants were deliberately selected to include a narrow age range of healthy adults, and males and females were analysed separately. Under these circumstances, ranking of TBW is predicted to show minimal difference from ranking of LM. Regardless of the technique or model used to obtain body composition data, FM is often expressed as a percentage of WT in order to adjust for variability in size, whereas LM is usually left unadjusted for size. As discussed previously, [19] [20] [21] [22] this is not the most informative way to express body composition data. An alternative approach involves adjusting both LM and FM for height, generating the lean mass index (LMI ¼ LM/HT 2 ) and fat mass index (FMI ¼ FM/HT 2 ). 19 These terms provide discrete indices of relative fat and lean masses, each expressed in the same kg/m 2 units as BMI. It has been shown previously that while LM/HT 2 represents an appropriate adjustment of LM for HT, the same is not necessarily true for FM. 21 Thus, FM/HT 2 may retain a residual correlation with HT; however, this residual correlation has negligible effect on the ranking of individuals in terms of relative FM. 21 The value of the approach described above is that it independently addresses both fat and lean components of weight. Thus, when using BIA (typically incorporating raw data on HT and R), it is preferable to make further adjustments for HT. Given that LM ¼ TBW/H LT and that TBWpHT 2 /R, the relationship between R and LMI can be simplified as follows:
4C model
In studies where the individuals are of homogeneous age, H LT represents a sex-specific constant and can be ignored, such that LMI is proportional to 1/R. Thus, from a theoretical perspective, it should be possible to rank individuals of the same sex in terms of LMI using a very simple BIA index, 1/R. Given that 1/R acts as a proxy for relative LM, and that FM is the difference between LM and weight, we propose that an estimate of FMI could be obtained from 1/R by further introducing information about relative weight. As in all individuals LMI and FMI must add up to BMI, this can be achieved by including BMI in regression models. BMI is statistically valid, 23 in that it successfully adjusts WT for HT.
However, its use as a proxy for fatness is more controversial. Whereas several studies have reported strong correlations between BMI and %fat, 24, 25 other studies have highlighted the wide variability in %fat present for a given BMI value. 26 Equally, %fat provides a problematic ranking of fatness as discussed previously. 22 Garrow and Webster 27 argued that when assessing the validity of BMI as a proxy for fatness, the optimum index of fatness to use as the reference is FMI, as both indices are adjusted for height. The extent to which BMI reflects FMI is of course determined by the contribution to WT of LM. Thus, BMI should predict FMI more successfully when adjustment is made for LM, or some proxy of it.
To aid in the evaluation of our new approach, impedance data were also used to generate body composition values by the conventional approach. For each sex, TBW was regressed on HT 2 /R based on the two estimates of R. Although some such equations include an age term, many do not, and our intention here was simply to compare two different impedance approaches, in populations of homogenous age. The equations were as follows:
Men :
Women :
For each individual, TBW was predicted from R tot and R leg using these equations, and converted to LM assuming hydration of 73%. FM was then calculated by difference of LM and weight, and the indices LMI and FMI calculated by dividing LM and FM by HT 2 . 19 Thus, this approach predicted values for LMI and FMI, using the conventional BIA approach but also using the best-fit relationship between impedance and body water for our study population. These predicted values are referred to as LMI BIA and FMI BIA .
Hypotheses
Based on the theoretical assumptions described above, we tested the hypotheses (a) that 1/R predicts LMI 4C , and (b) that the combination of BMI and 1/R predicts FMI 4C better than does BMI alone. First, we assessed the proportion of variance in LMI 4C or FMI 4C that our new approach could explain. LMI 4C was regressed on 1/R. FMI 4C was regressed on 
Results
A description of the sample is given in Table 1 . For both males (n ¼ 43) and females (n ¼ 90), the range in age was very narrow (19-21 years), whereas the range in weight, BMI and body composition was large. This is shown in Figure 1 , where the Hattori chart 28 also illustrates the wide variation in fatness in both sexes that can occur for a given BMI value. Regression statistics for the prediction of LMI 4C from BIA data are given in Table 2 . In both sexes, using both wholebody and foot-foot BIA data, 1/R was a highly significant predictor of LMI 4C . Best results were obtained using wholebody data, with r 2 values of 0.68 in males and 0.64 in females. For foot-foot data, r 2 values were 0.56 for males and 0.60 for females.
Regression statistics for the prediction of FMI 4C are given in Table 3 . In both sexes, BMI alone was a significant predictor, with r 2 values of 0.86 for males and 0.92 for females. These values increased only marginally if BIA data were included in the model, for example, for whole-body 1/R, the r 2 values were 0.92 for males and 0.94 for females.
Whereas in males the t-value for BMI increased from 16.0 to 17.8 if whole-body 1/R was added, for females it decreased from 31.1 to 30.1. However, for both sexes, the regression coefficient for BMI increased, implying that the models including 1/R data had greater success in expressing the magnitude of FMI 4C variability. For foot-foot 1/R, r 2 was slightly smaller than for whole-body 1/R, but in both sexes, the r 2 value increased compared to the model using BMI alone. As shown in Tables 2 and 3 Analysis of bio-electrical impedance data JCK Wells et al These equations were then used to generate BMI residuals. 
Discussion
Much of our understanding of the epidemiology of childhood and adult obesity is based on BMI, a poor predictor of fat in individuals. BMI reflects physique as well as fatness, and many studies have incorrectly assumed heavier individuals are fatter when in fact they have greater LM. Body composition data when available have usually been expressed in the form %fat, and the emphasis has been on this component of weight alone. However, relative LM is important in numerous aspects of health and biology, including the risk of osteoporosis, type 2 diabetes 29 and Abbreviations: BMI, body mass index; LMI, lean mass index. 1/R total and 1/R leg multiplied by 100 for clarity. Analysis of bio-electrical impedance data JCK Wells et al physical work capacity. Both fat and lean components of weight should be adjusted for size (height) and addressed separately. 19 Increasing adoption of this approach is replacing the epidemiology of BMI with separate epidemiologies for FMI and LMI in diverse contexts. For example, recent reference data for body composition in European adults were published in LMI/FMI format, 30 and used to highlight an association between low LMI and length of hospital stay in adults. 31 A similar approach has shed new light on the relationship between early growth and later body composition. 32, 33 Our analysis shows that this approach can be pursued even with relatively simple indices. Using theoretical principles, we generated a simple index, 1/R, that simultaneously adjusts both raw BIA data and the final estimation of TBW for body size. This index then proved, as hypothesized, a good predictor of LMI. Our analyses demonstrate that 1/R predicts LMI as well as the conventional BIA approach, and hence in epidemiological studies of homogeneous samples, can be used to rank individuals, or to test for significant differences between groups. Our study also showed that it is possible to predict FMI, using our novel approach; however, for this variable, the correlations with FMI 4c were higher for FMI BIA than for BMI residual, and the SEE values were poorer by the new approach.
Nevertheless, our simple approach was capable of differentiating FMI in groups of adults and could be applied to large data sets, where groups could be categorized as having high or low LMI or FMI using either standard deviation scores (for 1/R) or regression residuals (for BMI regressed on 1/R). Such an approach may be valuable in the absence of population-specific validation studies, and our analyses demonstrate that in this population, our new approach is better than the direct prediction of FMI from BMI alone, as is sometimes practiced. 34 Our approach requires only a sufficient number of subjects of similar age and sex to undertake regression of BMI on 1/R, for calculation of regression residuals. Although age and maturation influence both body proportions and composition of LM, these effects are only prominent over wide age ranges. Therefore, the approach should prove viable within children or adolescents of similar age (e.g. a 2-year age span), regardless of variability in maturation. Furthermore, some of the complexities of age and puberty are statistical (how to interpret data) and not methodological per se. The method may also prove of particular value in longitudinal studies, as much of the error of BIA relates to variability in body physique, which is likely to track over time. 
Analysis of bio-electrical impedance data JCK Wells et al
Our approach is based on a number of assumptions, each of which may be critiqued at the individual level with regard to theoretical or statistical issues. It is also of note that many of these assumptions incorporate the term height-squared, which reflects the utility of this term in adjusting body composition parameters for size. However, the main finding of our study is that a simplified impedance index incorporating these assumptions remains empirically valid in ranking body composition outcomes.
The approach based on 1/R can detect the direction of trends or differences between groups in relative FM and LM in epidemiological studies, but is not able to quantify the magnitude or regional location of such variability. To fulfil the latter aims, validation studies would be required where the relationship between data obtained by BIA and reference methods is explored. Variability in 1/R may directly reflect variability in total LM, or in the distribution of impedance across different body segments. Both issues may be addressed in such validation studies. A further limitation of our approach is that, because the ranking is in abstract units, it cannot be used to assess whether a cutoff in an outcome has been exceeded. However, conventional BIA is also unsuitable for this purpose, given its high predictive error in comparison with other body composition techniques.
For many purposes, for example, epidemiological analyses or clinical trials, rankings of body composition are satisfactory. Waist circumference is a robust proxy for the volume of abdominal fat, whereas skinfold thicknesses provide information on regional fat depots. 1/R may prove particularly valuable as an index of LMI in studies where fatness is measured by such non-BIA techniques.
Conclusion
A simple approach to using BIA data is as successful at ranking individuals in LMI as is an approach incorporating validation of BIA against TBW measurement. For the ranking of FMI, the conventional approach performs better than our new approach; however, the simplified approach still discerns variability in FMI in groups of individuals, and represents an improvement over the direct prediction of FMI from BMI. Large-scale epidemiological studies, or clinical trials, conducted on samples of homogeneous age and sex can benefit from the simplified approach where the aim is to detect either trends in relation to other variables or differences between groups. The index 1/R may be particularly valuable as an index of LMI for use in combination with skinfold measures of fatness.
